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2

Table 2 Basic information of sample stocks

Fig. 1 Limit order book basic networks
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2
Fig. 2 Stock price network pricing feature network and fully aggregated network
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Table 3 QAP test results
0.18 0.03
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3

Fig. 3 Limit order book network dynamics under external event impact
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Table 4 Impact intensity metrics
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2019 -04 -30 2019 -05 - 06 2019 -05 -07
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Fig.4 Own-impact and cross-impact intensity in liquidity paths
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Table 5 Own-impact and cross-impact hypotheses testing
1 2 3 4
Hott o S0 | Bt Sl | Mot Sl | Hotwll, < ul) o,
Mo > 0 | M > w0 | M > e | e > e,
132 132 132 132

1 2
88. 64% 1%
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2 10% 5%
6 t
Table 6 Own-impact and cross-impact t-test results
1 2 3 4
132 132 132 132

7.268 6.964 1.533 1.506

10% 1.52% 2.27% 15.91% 6.06%

5% 2.27% 6.06% 17.42% 12.88%

1% 91.67% 80.30% 27.27% 36.36%

95.45% 88.64% 60.61% 55.30%
1% p €(00.01 5% e (0.01 0.05

10% p €(0.050.1 p €(00.1
7 - t
Table 7 Volume-price-own-impact and volume-price-cross-impact t-test results for sample stocks
3 4
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11 2.273 90.91% 11 0.376 36.36%
11 1.811 72.73% 11 4.459 90.91%
11 1.138 36.36% 11 1.684 54.55%
11 0.577 27.27% 11 -2.752 0.00%
11 -0.582 0.00% 11 -0.044 27.27%
11 1.737 100. 00% 11 1.147 36.36%
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Table 8 Bid-side and ask-side price~volume-impact intensity for sample stocks
0.027 3 0.029 5 0.029 1 0.028 9 0.029 8 0.029 8
0.028 7 0.0318 0.034 7 0.0315 0.0327 0.033 7
0.028 9 0.028 1 0.029 1 0.030 8 0.028 5 0.0299
0.032 2 0.0310 0.0320 0.028 9 0.0320 0.0329
0.022 5 0.023 3 0.023 7 0.024 0 0.0253 0.0253
0.023 6 0.023 2 0.024 1 0.024 3 0.0250 0.023 9
0.0321 0.030 3 0.0311 0.030 9 0.0318 0.032 2
0.023 7 0.026 3 0.025 6 0.026 2 0.028 0 0.027 3
0.026 6 0.026 3 0.026 8 0.026 1 0.029 8 0.029 8
A 0.027 5 0.029 6 0.030 2 0.029 0 0.030 0 0.030 5
0.020 7 0.0221 0.023 0 0.0225 0.024 8 0.0223
0.0229 0.0255 0.0259 0.024 9 0.026 2 0.027 9
9 -
Table 9 Bid-side and ask-side volume-price-impact intensity for sample stocks
0.026 2 0.029 3 0.030 7 0.027 6 0.030 3 0.028 8
0.029 2 0.029 9 0.0311 0.029 7 0.032 4 0.032 4
0.028 2 0.029 6 0.029 1 0.028 7 0.029 7 0.030 2
0.027 5 0.027 7 0.031 4 0.028 3 0.028 2 0.029 2
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0.022 4 0.024 2 0.024 9 0.020 6 0.027 3 0.0257
0.024 5 0.0257 0.026 9 0.025 6 0.027 0 0.028 3
0.023 8 0.024 7 0.025 6 0.0232 0.025 6 0.028 4
0.029 8 0.0252 0.027 3 0.023 7 0.0252 0.028 6
A 0.023 3 0.027 0 0.027 4 0.029 1 0.0252 0.026 3
0.024 3 0.028 1 0.024 2 0.024 5 0.0252 0.026 0
0.027 2 0.028 8 0.0299 0.026 8 0.026 5 0.028 3
3.3.2 (19) . (20)
10
(17) . 0.25  .0.5 0.75
(18) 8
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Table 10 Bid-side and ask-side impact intensity in the sample population
25% 50% 75% 25% 50% 75%
0.270 0.315 0.366 0.317 0.259 0.300 0.354 0.310
0.280 0.329 0.374 0.327 0.269 0.318 0.372 0.327
0.281 0.334 0.383 0.335 0.274 0.322 0.384 0.336
0.280 0.328 0.372 0.328 0.256 0.302 0.359 0.314
0.298 0.343 0.390 0.344 0.264 0.313 0.383 0.329
0.296 0.346 0.397 0.346 0.279 0.330 0.393 0.340
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Table 11 Bid-side and ask-side impact intensity hypotheses testing
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Table 12 Bid-side and ask-side impact intensity t-test results

12

5 6 7 8
' P i P ' P i P
1. 109 0.134 — — 0.174 0.431 — —
1. 045 0. 149 — — 1.321 0. 094 — —
1.273 0.102 — — 0.521 0.301 — —
-0.552 0.709 — — -0. 206 0. 581 — —
2.332 0.010 — — 0. 653 0. 257 — —
1.070 0. 143 — — 0. 656 0. 256 — —
0.553 0.290 — — 1.530 0. 064 — —
2. 540 0. 006 — — 1. 126 0. 131 — —
2.513 0. 006 — — -1.359 0.912 — —
0. 884 0. 189 — — 0.942 0.174 — —
1.584 0. 057 — — -0. 345 0. 635 — —
2.232 0.013 — — -1.072 0. 858 — —
— — 4.303 0. 000 — — 0.723 0.235
41.67% 100. 00% 16.67% 0.00%
p €(00.1
2019 8 19
5
LASSO
Bootstrap
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Time-varying limit order book networks market impact and information
spillover

LIU Zhi-dong' WANG Chao® ZHAO Zhi<uan' JING Zhong-ho'
1. School of Management Science and Engineering Central University of Finance and Economics Beijing
100081 China;

2. Investment Research Institute Chinese Academy of Macroeconomic Research Beijing 100038 China

Abstract: This study investigates information spillover mechanisms in China’ s stock market under market
shocks through constructing limit order book ( LOB) networks. A methodological framework is developed that
extracts informative variables from dynamically evolving LOB data employs a high-dimensional vector autore—
gressive ( VAR) model with post-double—selection LASSO regularization for Granger causality testing and im—
plements bootstrapping techniques to compute generalized forecast error variance decompositions. Four princi—
pal findings emerge from our empirical analysis. First LOB networks demonstrate superior descriptive capabil—
ities over conventional price networks by incorporating critical market microstructure variables thereby enab—
ling precise identification of information spillover mechanisms during market shocks. Second the spillover dy—
namics exhibit complex network structures comprising both own-impact paths and significant cross impact
paths. The coexistence of these mechanisms reveals that while information predominantly circulates within in—
dividual stocks substantial cross market spillovers occur through key bridging nodes collectively reflecting the
market’ s intrinsic correlation structure. Third regulatory constraints on short selling induce notable bid-ask a—
symmetries in information diffusion with predominant spillover directions originating from informationally ad—
vantaged traders to retail participants via bid-side order flows. Fourth intensified herding behavior and overre—
action patterns are observed in spillover dynamics during market downturns.

Key words: limit order book network; information spillover; cross impact; trading behavior; high-dimension—

al statistical learning



